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Wayne G. Rohde
and
- David S. Simonett

Earth Satellite Corporation
1747 Pennsylvania Avenue, N. W.
Washington, D. C. 20006

Abstract

This study reports on preliminary analyses of Skylab
space photography and multispectral scanner data.
5-190A and S-190B high resolution color and color
infrared photography have been evaluated for ways

in which they may complement ERTS data in land use
mapping and “for detailed Tand use sampling studies in
regional resource surveys.

Capabilities of Skylab photographic data suggest
significant applications for: 1) identification and
mapping of all primary, most secondary, and many
tertiary land use classes; 2) stratification of the
Tandscape for more detailed sampling; and, 3) rapid
updating of existing land use and vegetation maps
subscaled at 1:25,000 and smaller with manual
interpretation techniques.

Automated thematic mapping of land use categories

with electronic data processing techniques is feasible
with the S-192 Multispectral Scanner, despite the high
noise levels in many channels.
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Introduction

Planners are increasingly faced with the need for state and regionwide

Tand use and related data, both to develop land use plans and to monitor
their progress. Many ways of acquiring the needed data are being examined.
The role of various remote sensing systems - high altitude aivcraft, ERTS,
and Skylab {the latter particularly as a possibie guide to the use of
space shuttle in the 1980's} - are of interest to the planning community,

as a means for meeting a significant part of their data needs.



The most attractive feature of earth resource satellite systems for
planners and resource managers is the capability to rapidly map and

update changing land use patterns over large regions, with simultaneously-
obtained images. The broad view and potentially many looks with satellite
systems can provide new, compact, and in some cases imprera information
for comprehensive land use planning. Another attractive feature of
satellite systems is the provision of information on a common data base,
capable of being overlayed on earlier data, and in standard geometric.

format.

Skylab, which is comp]ementary rather than competitive with ERTS, provides

data of higher resolution than that currently available from the ERTS-1

satellite. In general, ERTS-1 imagery should be considered a tool to

monitor trends in changes in regional land use and to focus on areas of

most rapid change requiring more intensive study. Skylab, on the other
nand, foreshadows the use of high resolution systems on space shuttle

| which will focus on thqse areas of most rapid change derived from analysis

of the ERTS data.

In our studies, we are assessing the accuracy and level of detailed informa—
tion which méy be extracted fghm'Skylab photographs. These data are to be
used for comparisaon with other Skylab sensors for initial stratification

of the landscape and for selection of training sets to be used in analysis

of electronic data processing of Skylab multispectral scanner imagery.

A major problem associated with electronic data processing is determining
the location and number of training classes needed for prediction over

the remainder of a large area with acceptable accuracy. This is a very



expensive part of any land use mapping project. Different sampling
strategies for developing training sets are to be examined along with

the degradation‘of prediction accuracy as one moves away from the

training set to varying distances. Working rules for sampling prior to,
during, and after spacecraft data are available are beiné.rgviewed as

well as refinements in sampling strategy. Several computer-based

land use discrimination studies have shown that coarse reéolution data
with resolutions comparable to that recordedlon'the 5-192 multispectral
scanner are very useful for mapping broad categories in 1and.use.

Accurate discrimination between land use categories can drop off
significantly when only a Timited number of data channels are available.
This frequently is the case in some environments for certain land use
classes with ERTS imagery. The 13 channel muitispectral scanner on Skylab
is expected to permit an examination of questions on sampling and distance
decay functions in Tand use mapping as well as giving insights on the

spectral bands needed for acceptable Tland use classifications.

In our preliminary analyses of Sky1ab data, significant capabilities are
evident for Tand use mapping. These capabilities include: 1) identification
and mapping of land use classes at levels of detail competitive with

some aircraft imagqry;'z) strgtification of the landscape for more

detailed sampling; 3) rapid updating of existing land use maps at scales

of 1:25,000 and smaller; and 4) automated thematic mapping of land use

categories with electronic data processing techniques.

Skylab Orbital Manned Workshop

Skylab was launched in early 1973 at an altitude of approximately 544

kilometers. It was equipped with a number of earth observation sensors,



three of particular finterest in our studies. These are the 3-190A
multispectral photographic camera, 5-190B Earth Terfain Camera and the
5-192 multispectral scanner. The configuration of these sensors is
shown in Tables 1, 2, and 3. Skylab photographic and multispectral
scanner data obtained over the Washington, D.C. - Baltimore fest site

on 12 June and 5 August 1973 are examined in this study.

S-190A and S-190B images have been enlarged tolﬁarious scafes from
1:1,000,000 to 1:25,000 for enhancement, interpretation and analysis. :
False color composites have been prepared from multi-band black and

white images recorded with the 5-190A camera. 5-192 multispectral

scanner data are being analyzed using electronic data processing techniques

and various image enhancement techniques.

Land Use Classification Scheme

A problem inherent to all land use studies is the selection or development
of a suitable land use classification scheme, particularly when dealing

with imagery at various scales -and resolutions.

The development of a land use classification scheme is not a prime objective
of this study, therefore we haye_adoptgd a legend proposed by Hardy,

et al., 1972, with some modification of secondary and tertiary classes.
Table 4 shows the land use classification scheme through the tertiary

level being used in this study. Further refinement of the legend is
necessary to incorporate more detailed fourth and fifth levels of

informatiaon.

Analysis of S-190A and S-190B Photographic Data

The first Skylab data available over the Washington, D, C. - Baltimore

test site, obtained on 12 June 1973, has clearly shown that such data will



provide significant inputs to regional, state, and local land use
mapping. All primary and most secondary land use classes can be identified

from S-190A multispectral photography.

It is significant to note that no one band permits accurate'jdentification
of all land use classes. Black and white infrared photography provides
an excellent tool for identifying and mappihg coastlines, Bays, streams,
inland water bodies, coastal wetlands, and iﬁland marshés (Figure 2).
Black and white panchromatic photography, 0.5 to 0.6 pm and 0.6-0.7 my
permits quick and accurate identification and mapping of agricultura1,ﬁ”
forest, and urban categories (Figure 3). Further detailed classification
within these broad cateéories can be accomplished with color infrared and
high resolution color film. For example, color infrared photography
permits separation of deciduous, evergreen and mixed forest classes.

This is a function 6f the spectral characteristics of forest vegetation,
film spectral sensitivities, and time of year. Agricultural classes

‘are discernible on both color infrared and high resolution color film on
June imagery. Most agricultural land under active cultivation images in
light tones on both emu1si0h§ as these lands are generally freshly

plowed or planted. 'winter smaLl grain§ (wheat and barley) are easily
identified on co]or'infrared ghotography in early spring since these
small grains reflect strongly in the infrared and image as red or magneta
on color infrared film. Pasture lands typically have green vegetation
present in the field but are intermixed with other dead or dying plant
material. The resultant image appearance on June imagery is a mottled
pinkish-bluish tone. A thorough understanding of the characteristics

of agricultural classes, reflectance spectra, imaging characteristics

and their patterns of change is essential for accurate identification



and mapping of these classes.

Urban and built up areas are readily identified on panchromatic imagery

in the green and red portions‘of the spectrum as well as on color 1ﬁfra—
red and high resolution color film. Our preliminary ana]ysis suggests
that within the urban category, more detailed information can be extracted
from high resolution color film than from cblor infrared photography.
Resolution appears to be a Timiting factor af this time; Figure 4 is a
comparative analysis of S-190A color I.R. and high resolution color :
film for mapping urban ]and‘use categories. Single family residentia]Zu
multi-family residential and commercial service categories are discernible
on both image types. Résidentia] density can only be inferred, based on
imaging characteristics as related to the presence or absence of lawns

and trees, on imagery of this quality. In some cases, older neighborhoods
with substantial shéde trees are mistaken for parks, wooded areas, or
other unimproved open lands. In the area shown in Figure 4, schools and
‘parks are not readily separable from each other although the distribution
of these categdries within residential areas is such that apparent breaks
or openings within a resideﬁtia] comnunity can be inferred as eijther
institutional {schools) or parks. Within the commercial urban categories
it is difficult to %dentify and separate wholesale and retail commercial
services except as inferences based on their location and spatial
arrangement with respect to other urban categories. The essence of this,
is that this quality of satellite data can provide significant information
on urban areas particularly when there exists a thorough understanding

of the character of spatial arrangements, and relationships of one urban

category to another.



Higher resolution photography acquired on Skylab with the $-190B Earth
Terrain Camera illustrates the substantial body of information obtainable
from satellite photography (Figure 5). Imagery of this quality permits
rapid mapping of urban categories to the second and third-levels of detail.
Density and relative age of single and multi-family resideﬁtia] areas

can be inferred from this imagery. Also, schools and parks are

separable within the residential areas providing initial ground truth

data are available for interpreter training. Most major and secondaryi
concrete and asphalt highways are easily identified on this fmagery. )
The spatial arrangement of homes within residential areas allows inferences
to be made of street patterns. The ability to identify and map transportation
routes, railroads, and comnercial categories permits inferences of |
wholesale, retail and industrial categories, again based on a thorough
understanding of the distribution, 1oéation, and character of such

categories within the broad urban land use class.

‘Regional land use maps have been prepared from Skylab S-190A data to
demonstrate the rapidity with which such maps can be prepared and to
supp]ement analyses of the 5-192 multispectral scanner data. One such
map has been prep@red for St. Méry's County, Maryland (Figure 6). Thié
map was prebéred at an originaH éca]e ﬁf 1:126,720. Although S-190A
color and color I.R. photography can be enlarged to scales of 1:63,360
without significant image breakup, we chose this scale to be compatible
with other products being prepared by projecting S-190A Pan-X (0.6—0;7 um)
and color I.R. film to map scale. The county is roughly 420 square

miles and required 14 hours for interpretation, mapping, and preparation

of the final map. A similar map prepared from RC-10 aircraft color



infrared photography at the same scale required 32 hours for completion.
Assuming a fully burdened labor rate of $13.50/hour, the use of Skylab
data resulted in a cost savings of approximately 43% The

map shown in Figure 6 depicts Tand use classes to the secondahy Tevel.

It must be noted that more detailed information at the tertiary Tevel
can be interpreted from the S-190A data, but.is not adequately displayed
on a map scale of 1:126,720. These results clearly show that Sk&1ab data
would be extremely valuable in initial preparation of land use maps which

can be updated as new imagery becomes available. ‘.

It is apparent from our preliminary analyses of Skylab photography that
such data can be effect{vely used to update.existing land use maps at

a substantial cost savings. Figure 7 is an exanple of a land use map of
Howard County, Maryland. This map was prepared at a scale of 1:63,360

from high altitude éircraft color infrared photography. Maps of this
quality and level of detail are readily updated by directly overlaying
'S-190A or S-190B data at the appropriate scale and mapping those areas
where change hés occurred.  The entire State of Maryland has maps similar
to those in Figure 7 for eaéh county. Since these maps were prepared

from high altitude aircraft diFg and displayed on a map base with minimized

distortions, they are quite amenable to updating with satellite data.

~Maps prepared from uncontrolled mosaics of low altitude photography and
from ground surveys often have considerable distortion or boundary
misplacement within the map. Such maps are more valuable as aids to
preparation of land use maps from satellite photography which will
subsequently be displayed on standardized geometric formats. Figure 8

is a forest type map of St. Mary's County, Maryland. This map was



prepared from Tow altitude photography and ground surveys. The county
boundary is displayed without significant distortion. However, internal
boundaries are quite inconsistent with respect to forest boundaries as
mapped from satellite data. Skylab data permits accurate mapping of forest
boundaries on a standard geometric format, updating of areas‘where

change within the forest category has occurred, and identification of

the primary forest cover {deciduous, evergreen, mixed) based on the imaging
characteristics and collateral data from the existing vegetation map.

The resultant map is then on a mapping base and at a scale amenable to".
accurate, rapid updating with subsequent satellite data, or for refinement

within categories by detailed sampling.

Electronic Data Processing of S-192 Multispectral Scanner Data

Satellite sensors provide an enormous amount of data. Data handling and
rapid 1nterpretation;procedures must be developed before optimal use can
be made of satellite imagery. To be sure, human interpretation techniques
‘can and will be used extensively. However, land use surveys over very
large regions wf]l require that automated techniques be used to

complete these surveys within a reasonable amount of time. Deve10pment of
electronic dqta processing (EDf)ﬁtechnjques to handle large quantities of
multispectral sate]iite data is in process by numerous government, uni-
versity, and commercial institutions. Inherent to successful application
of computer techniques is the need for procedures ﬁo establish the
location and quantity of ground data needed to train and test the EDP

techniques, as well as, ultimately, the overall reductions in cost now

foreshadowed by parallel processing and hardwiring.

The Washington, D. C. - Baltimore test site encompasses several physio-

graphic provinces extending from the Appalachian Plateau, VYalley and:



Ridge, and Blue Ridge, through the Piedmont and Coastal Plain. This
provides a very diverse test site in terms of geo]ogy, soils, vegetation,
climate, and patterns of cultural land use.‘ This is evidenced on the ERTS-T
mosaic of the test site (Figure 1). The establishment of training sets

with respect to size, location, and distribution must be coghizant of the

diverse mixture of categories one might encounter within such a test-site.

The following discussion is based on our pre11m1nary resu]ts from an _
analysis of a segment of the $S-192 data obtained over the Washington, U C.
test site on 12 June 1973. A variety of computer related activities have
been performed an the Sj192 data. Data processing activities have included
tape reformatting, generating Litton film recordings of seven bands of

one scene using selected gray scale adjustment functions, and a multispec-

tral c]assification;test.

Computer techniques have been used to generate hard copy prints from the
'5-192 tapes. These techniques permit gray scale adjustments to maximize
picture contrast and can be conducted in a variety of ways. One method
is s1mp1y a ]1near stretch, mu1t1p1y1ng each digital picture element
value by a constant to produce a new, hlgher contrast picture. A Second
method is to ca]culate a mean and standard deviation for the pixel

values of an image and to expand the range of the picture elements

while retaining the same mean and standard deviation relationship. A
third method would increase the contrast of an image by mapping the ogive
of the picture to the same ogive over an expanded scale. Each method
produces a slightly different picture, enhancing different features. The
method used in our first analysis is that of histogram equalization where

equal numbers of pixels are assigned to each segment of the gray scale to



spread the data over the entire dynamic range avai]gble. These data are
then presented as hard copy prints on a Litton digital film recorder.
Figures 9 and 10 illustrate the histogram for band 11 (1.55-1.75 um) before .
and after histogram equalization. Figure 11 shows examples of Litton prints
from seven 5-192 data channels after histogram equa]izatioﬁ!' These

enhanced images are suitable for locating and identifying ground truth

data to be used in training set selection for 1qter work. Also, film
positives are easily made from these images and can be used.fpr preparjng

color composites in color combining viewers.

These techniques allow users to prepare false color images from data in
photographic and non-phdtographic spectral regions. Such images provide
enhancement and improved discriminations between features that have only

subtle differences on the black and white prints.

As an example of the value of color composite images for site selection
after histogram equalization the information on bands 11 and 6 may be
compared. Agricultural ]aﬁd images in light tones on band 11 (1.55-1.75 um).
On this band, it is difficult to separate those fields with growing crops
from those that were fr‘esh'ly‘ plowed or recently planted. Band 6

(0.68-0.76 um) imdgery-shows fréshly pﬁowed or planted fields as light

toned and fields with growing crops as dark toned. On this band, however,
the fields with growing crops present are not easily discriminated from
upland brush and adjacent forest lands. A color composite prepared with
these bands (0.68-0.76 pm as blue, 1.5-1.8 um as green and band 0.41-0.46 um
as red) clearly shows the distinction between agricultural fields with

growing crops present and those which have been recently plowed or planted.

A major concern in our initial analyses has been with the substantial

noise component of the data. Upon inspection of the film recordings of



the various bands (Figure 11), several "noise" features stand out.
Noise, here, indicates undesirable image features from a utilization point
of view whether or not these features can be explained and whether these

features originate in the scene, the vehfc]e, or the procéssing of data.

Two types of noise predominate during the visual inspection: the circular
scan pattern and patches {(two dimensional fairly localized obliteration

of persumed scene variations). The patches océﬁr'in different format
locations in different bands. Of the two, the scan pattern is the 1es§
serious for several reasons; The first is that for human interpretatiog the
impact is minimal since the interpreter quickly adjusts and can ignore

it. Second is that it is systematic and hence suggests that it can be

algorithmically compensated.

In the patches, a histogram equalization scale adjustment could be used
to minimize the effect of "noise" on the recognition results. Future
preprocessing of S-192 data by NASA, before it is sent to users, will

hopefully reduce or minimize the noise component in the data.

Inspection of the Litton prints in Figure 11 shows that although there
is substantial noise. present, many tand use categories are discernible on

several bands.

Agricultural lands often image as light tones. Fields with growing

crops are distinguishable from freshly plowed or planted fields by
comparing two or more bands at different wavelengths. [Lvergreen forest
types can be separated from deciduous forest types particularly on band

11 (1.55-1.75 pm). On this band, evergreen forest types image in darker
tones than deciduous forest types. A similar spectral response is recorded

on other spectral bands as well. Water, streams, bays, and wetlands



are also identifiable on the S-192 Jmagery, particulariy on the infrared
bands. A regional Tand use map was prepared for a ﬁortion of the area
shown in Figure 11 from RC-10-1:130,000 color infrared photography and
ground truth data. This map provides the basis for selecting training

sets for testing their efficacy, and for assessing the accurécy of computer

recognition results (Figure 12).

Although our investigation is to assess what 1éﬁe1 of detailed information
can be extracted from S-192 data, our initial analyses were based on bfbad
land use classes. FEight discrete land use classes selected for this iﬁitial
analysis are shown in Table 6. Studies of more detailed land use classes

will be made at a later date.

Although seven data channels were available for processing, four channels
were selected on the basis of visual inspection, experience in multispectral
data processing, and to provide spectral information from discrete portions

_of the electromagnetic spectrum (Table g).

A generaiized reflectance curve of green vegetation (Figure 13) shows

the $-192 spectral bands with respect to the reflectance curve and those
parameters which strongly affect reflectance. It is known that reflectance
from green vegetation is generally a function of pigmentation, internal
leaT structure, and Teaf moisture content. Since these parameters vary
from one species to another, one would intuitively expect to achieve
optimum separation of vegetation types by selecting spectral bands which
sample each of those spectral regions related to physiological and

morphological characteristics of vegetation.

Obviously, some combinations of channels provide much better information

for discriminating different vegetation classes than other combinations.



Coggeshall and Hoffer {1973), working with aircraft data, demonstrated
that five channels of data including one thermal band and a mid-infrared
band yjelded the best test class performance in discriminating deciduous,
evergreen, water, and agricultural classes. Band 7 (0.78-0.88 pm) provides
data in & portion of the electromagretic spectrum which is fhfluenced by
subtle changes in reflectance characteristics of many terrain classes.
Band 11 (1.55-1.75 um) provides data which is highly correlated with
vegetation moisture content, indicative of species on upland or Towland
sites, and permits accurate separation of many agricultural crops (D]séﬁ,
et al., 1971; Richardson, et al., 1969). Optimum spectral bands for
discriminating various land use classes have been reported by many
authors (Coggeshall and Hoffer, 1973; Weber and Polcyn, 1972; Driscoll
and Spencer, 1972; Weber, et al., 1972; Rohde and Olson, 1972; and Mower,
1971). It is known that when four to six bands are being processed, only
modest improvement in recognition accuracy can be expected from using
_additiona] bands. Thus, in this analysis our selection was restricted

to those four bands which were not severely degraded and which sampled
discrete segments of the e}éctromagnetic spectrum. In future analyses
with S—IQZ’ddta, we will exaﬁine the data for optimum channel selection

and the optimum numb&r of chanréls to bBe used.

After channel selection and training set selection, statistical parameters

for each class were calculated based on an assumed Gaussian distribution

and include the mean, standard deviation, covariance and divergence.
(Divergence is a statistical measure of the separability of training classes.)
Qutputs from this procedure inciude histograms of each training class

which show the distribution of data points in various channels (Figures 14

and 15). Coincident spectral plots were also generated which illustrate



the mean spectral respcnse, plus or minus one standard deviation. Such
plots are prepared for individual classes (Fiqure 165 or all classes
combined (Figure 17). These b1ots allow one to obtain an indication of
the spectral signature characteristics and their “statistical gquality"
for each class. These plots also provide an indication of the spectral

‘separability of the training classes.

Coincident spectral plots are inherently one dfﬁehsiona], thus do

not lend themselves easily to multidimensional separabi1ityrana1ysis. ;
The divergence measure, embedded in n-space and assuming normaily distr{buted
training set data, yields an estimate of the interclass separability and
allows inference of expected classification accuracy. Divergence is
essentially a measure of the distance separating two classes and is merely
a method designed to test interclass separability without resorting to
classification. We have implemented a divergence program which outputs
divergence values for all possible combinations of spectral bands and
‘Tand use classes. Generally, a divergence value greater than 1600 would
suggest good separability of the two classes tested. A more detailed

discussion of divergence thecry can be found in Swain and King (1973).

Examination of thé §pectra] sféﬁafure*;tatistics, histograms, spectral
plots, and divergence measures, can, when properly interpreted, indicate
the "quality" of the training set, i.e., how representative it is of

the total population. Sometimes it is necessary to establish new training
sets to more accurately define representative spectral signatures for each

class.



Once suitable training sets are established, the data are further

analyzed using LARSYS multispectral maximum likelihoﬁd classification
algorithms. Subsequent discrimination betwéen classes is accomplished

by establishing decision boundaries in four dimensional space based on

the spectral signature statistics generated for each of the fraining sets.
Each individual pixel is then assigned to one of the defined training

set classes on a maximum likelihood basis and recorded on tépe. A1l classes
can be displayed on a single printout, or displayed individually, or in

any combination with other classes.

When displaying the datq, it is possible to further restrict the classifica-
tion of data points into various classes by using thresholding techniqueé.
The classification algorithm establishes in n-dimensional space decision
boundaries to define each class. Thresholding permits the researcher to
reject data points assigned to a class which in reality do not look
sufficiently 1ike the class. This is done by establishing a threshold
value, e.g., 10%, and rejecting those points assigned to a particular

class which lie in the outer 10% of the decision boundary. In reality,

one cannot usually establish training sets for each discrete class recorded
on an image. A]sou_mithin-c]a§szvariability in certain instances can

be gquite high. For example, the variability of spectral signatures from
agricultural lands is quite high at the beginning of the growing season
when some -fields are being tilled, others recently planted, and still
others in various stages of growth. Establishing appropriate threshold
values would allow one to reduce commissicn errors. However, it must

be noted that, although high threshold values will generally reduce
commission errors there often may be a substantial increase in omission

errors. Selection of threshold values is based entirely on experience



and judgment of within class and between class variability and must be

performed carefully.

The multispectral classificatfon algorithm used in this analysis aséumes

that the signals received by the S-192 multispectral scanner have multivariate
normal distributions. Histograms for each spectral band for the urban

and bare soil/cropland training classes are.shown-in Figures 14 and 15.

One can readily see that the distribution is‘ndt a perféct normal distribution.
It is difficult to assess whether the apparent departures ffom a normai
distribution are significant without conducting non-normality tests. Such
tests have not yet been performed on these data. A discussion of non-
normality tests as re]aéed to multispectral data processing can be found in

Malila, et al., 1971.

The coincident spectral plots suggested that separation of the various
classes being trained on was possible. For example, Figure 17 suggests
“that on the basis of these training sets, one could expect to achieve
separation of water (B} from all other categories in all bands except
1.55-1.75 pm. Urban (A) classes appear to be separable from other
classes in the 1.55-1.75 Hm énd 0.41-0.46 pm spectral region. Deciduous
and evergreen forest classes aﬁﬁear sébarab1e on virtually every band
although the mixed forest class appears to be spectrally similar to both
the deciduous and evergreen forest class. This by definition would be
expected. Close examination of Figure 17 illustrates the difficulty

in assessing the separability of several classes based on four dimensional

data.



The divergence tests provide an estimate of interclass separability.
They also provide insight to the optimum set of channels and the
contribution each channel makes toward the separation of a given

pair of classes. An optimum combination of channels can be selected

and ranked on the basislof the highest average divergence vaiue or
highest minimum divergence value (Coggeshall and Hoffer, 1973}. Given

a set of classes to recognize, if two or more classes are felt to be
spectrally similar, the optimum combination of channels would be selected
on the basis of the highest_minimum divergence value. For example,
deciduous, evergreen, and mixed forest classes would 1ikely appear spect-
rally similar. To insure separation of these classes, the combination of
channels which provide the highest minimum divergence value would be used.
Conversely, if a set of classes are to be identified which are spectrally
dissimilar, one would select the combination of spectral bands which
provide the highest average divergence value. Generally, this would
result in fewer channels being used in the recognition process thereby
significantly reducing the computer costs. Figure 18 presents the
average divergence values ahd minimum divergence values for all classes
for combinations of spectra]‘bands taken two at a time, three at a time,
and all fOur‘togefhé?. It caﬁzge seeglthat the average divergence

value associated with the 0.78-0.88 pm and 1.55-1.75 pm spectral bands

is 1794. This suggests good separation of all classes with these two
spectral bands. However, the minimum divergence value is 805, suggestive
of poor to fair separability. As expected, the minimum interclass
divergence value of 805 was associated with the evergreen and mixed forest
type. It would be noted that some combination of two bands may yield
higher divergence va1u¢s than certain combinations of three bands. For

example, the combination of 0.78-0.88 pm, 12.0-13.0 pm, and 0.41-0.46 um



spectral bands yielded lower divergence values than several combinations
of two bands. The best combination of spectral bands based on the
highest averge divergence andrhighest mini mum divergence values for the
classes trained on included all four spectral bands. Figure 19 is a
matrix showing the divergence values for all pairwise combinétions of
training classes based on spectral signatufe statistics for the four
spectral bands used in this analysis. It appears from the divergence
values that good separability of the training classes can be expected.=ﬂ
This is p&rticular]y encouraging considering the apparent noise componént

in the data.

A computer recognition aap is shown in Figure 20. Qutlined in black

are the areas used in establishing the training set statistics and decision
boundaries used in the classification process. One can see by examining

the classified pixefs within the training sets that the performance

within these areas is quite good in some cases and less accurate in others,
Figures 21, 22, and 23 show classification performance within

training sets ét three different threshold values. The training class
performance indicates an overall performance of 84.6% correct identification
at the 7% threshold with 11tt]g_change;at larger threshold values. The
classification performance indicates % correct identification and %

commission error, where:

% Correct # of fields correctly identified
as being in a class
total # of fields in that class

in the test area

# of fields incorrectly identified
as belonging to a class o
total # of fields identified as
belonging to that class

% Commission




The accuracy figures associated with the training class performance
reflect to some extent the quality of those training‘sets. The urban,
water, and wetlands training classes have rélative]y low omission éhd
commission errors suggesting a " good" training set. However, the training
class {cropland/growing crops present) resulted in anly 50% éorrect
identification. This can result from improper training class selection
or large within class and between class variations. Note that for this
training class, the confusion was with bare soil and deciduous forest.
In early June, many fields have winter wheat or barley growing with
substantial ground cover while other fields have only recently been
planted and have substaritial bare soil showing. These conditions could
result in the accuracy figures associated with the vegetated cropland

class if extreme care is not exercised in selecting the training sets.

The accuracy of the computer classification map was determined by
establishing several test fields for each training class. Contingency
‘tables showinglthe % correct identification and the % bommission error
at thresholds of 7%, 15%, and 30% are shown in Figures 24, 25 and 26.

As expected the overall accuracy was reduced at increasingly higher
threshold values. i There was ng-major thange in commission error with
increasing thresholds except for the wetlands class. The accuracy
figures associated with the training classes and the test statistics for
wetlands suggests that a misjudgment was made in selecting the wetlands
test fields. Again, these accuracy figures give indications of the spectral
variability within and between classes. For example, Figure 24 shows
that there was little confusion between deciduous and evergreen forest
although each was confused with mixed forest. It should be noted that

there was 1ittle change -in accuracy for these forest classes with the



three threshold values used in this preliminary study. [t is conceivable that
with better defined training sets and higher threshold values, these

accuracy figures could be improved.

In general, these preliminary results have yielded very promjsing results.
1t must be remembered that these data were processed with a substantial
noise component present. Future processing'will be accomplished on data
that has been pre-processed to remove or minfmfZe the noise effect. Also,
procedures are being developed to digitally merge ground truth data with
satéllite digital tape ddta to insure accurate selection of training ﬁ
classes and test classes. This will aliow precise training on

specific land use typesnand to test the accuracy of the classification

over a substantially larger portion of the site.

Summary

Qur first analyses of Skylab photographs and multispectral scanner data
have shown that such data will provide significant inputs to state,
regional and local land use planners in the future. Detailed land use
mapping to scales of 1:25,000 and 1:63,360 is possible with the quality of
data obtained with the $-190B Earth Terrain Camera and the S-190A
multi-band camera, respectively: Land use mapping can be completed with
S-190A photography in a cost effective manner. Using the alternative

cost approach to benefit/cost analyses, the benefit cost ratio in our
initial studies is 2.3/1. As people gain more experience in handling

and interpreting satellite photographic data, the benefit/cost ratio

will Tikely increase.



Qur first results with the S-192 multispectral scanner data have been

quite encouraging and indicate that the quality of the data, although
somewhat degraded, will permit us to examine several key questions related |
to electronic data processing techniques for automated land use mapping.
Basically our first results have shown that land use mappiﬁg'can be
accomplished with 5-192 data. Our future work is being directed toward
establishing which spectral bands and how many spectral bands are needed.
We also will examine various sampling strategies for establishing training

classes, and assess the accuracy of subsequent classification for land-

use mapping.

Skytab data should not Be considered a competitive system with other
satellite data from ERTS~1. Skylab has provided resource managers with
photographic data of higher resolution than imagery available from ERTS-1
and should be emplojed for more detailed analyses of areas where significant
change has occurred. ERTS-1 imagery is extremely useful for monitoring

‘and identifying those areas where change has occurred.

Satellite systems continue to show great promise for automated thematic
mapping and indeed, this is possible now for certain land use features.
The muItispectra1‘scanner on Skylab pfbvides investigators with data in
various discrete portions of the electromagnetic spectrum. This will
permit us, for the first time, to examine optimum spectral bands for
automated thematic mapping from satellite data, if the effect of noise

f. .

can be reduced or in most of the channels.

Although the Skylab manned wofkshop is no Tonger acquiring earth resource
imagery, it has provided data which is and should be considered exemplary

of data to be available from future manned earth orbiting space stations.



These systems, to become operational in the not too distant future,

will provide land use planners and other resource managers a tool for

obtaining information needed for comprehensive land use planning. .In
particular, the 5-190B Earth Terrain Camera study foreshadows the passibilities
for detailed land use mapping, until the even higher reso]ﬁtion systems

such as Space Shuttle, the space airplane of the 1980's.
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Table 1. S-190A Multispectral Photographic Camera Configuration

Lenses -~ Six {6} F/2.8 15.24cm. Focal Length
(21.2° FOV) '

Coverage - 163 km square
(26585 square km)

Film Spectral Coverage Expected
Ground Resclution
B&W I.R (EK2424) 0.7 to 0.8 pm b8 Meters
B&W I.R (EK2424) 0.8 to 0.9 pm ' 68 Meters
Color I.R (EK2443) 0.5 to 0.88 um : 57 Meters
Hi Res Color (S0-356) 0.4 to 0.7 pm 23.8 Meters
B&W Pan-X (S0-022) 0.6 to 0.8 um 27.8 Meters

B&W Pan-X (S0-022) 0.5 to 0.6 pm 30 Meters



Table 2. S$-190B Earth Terrain Camera Configuration

Lens - F/4 18" Focal Length

Coverage - 109 km Square
(11950 square km)

Expected
Film Spectral Coverage Ground Resolution
Hi Res Color (S0-242) 0.4 - 0.7 pm 15 Meters -
B&l High Definition (EK3414) 0.5 - 0.7 um 15 Meters

Color 1.R (EK3443) . 0.5 - 0.88 um 30 Meters



Table 3. 5-192 Multispectral Scanner Configuration

I[FOV - 79.3 Meter Square Ground Coverage

Swath Width - 68.5 km.

Band Description - Spectral Range
1 Violet 0.41 - 0.46 p@f
2 Violet-81ue 0.46 - 0.51 um
3 B1ue-Green 0.52 - 0.56 um
4 rGre@n-Yel]ow ¢.56 - 0.61 um
5 Orange-Red 0.62 - 0.67 pm
6 Red 0.68 - 0.76 pm
1 | Near infrared 0.78 - 0.88 um
g Near infrared 0.98 - 1.08 um
9 Near infrared 1.09 - 1.19 um

10 | Mid infrared 1.20 - 1.30 pm

11 : M1d infrared 1.55 - 1.75 pm

12 N ; Mid infrared . 2.10 - 2.35 pm

»

13 Thermal infrared 10.2 - 12.5 I



TABLE 4

LAND USE CLASSIFICATION SYSTEM

) :
(Adapte? from USGS Circu]arﬁzél and USGS proposed Level III land use classification
Scheme - :

Number and Category

1. Urban and Built-up Land

1.1 Residential

1.1.1 Single-family household unité

1.1.2  Multi-family household units -

1.1.3 Group quarters (such as rooming and boarding houses,
membership lodgings, retirement homes and orphanages,
work quarters (labor camps) and other group gquarters.

S 1.1.4 Residential hotels

1.1.5 Mobile home parks or courts

1.1.6 Transient lodging  {motels, tourist courts, and non-
residential hotels) (Placed under residential in accord
with the Standard Land Use Coding Manual)

1.1.9 Other

1.2 Commercial and Services

1.2.1  Wholesale Trade Areas

1.2.2 Retail Tradé‘Areas (Central Business District, Shopping
Centers, Strip Commercial and Other Retail Trade Areas

1.2.3 Business, Proﬁéssionaﬁg Personnel Services {except those
included in the institutional category)

1.2.4 Cultural, Entertainment, and Recreational Facilities
1.2.9 Other
1.3 Industrial
1.3.1 Mechanical processing (textile mill products, apparel, and

other finished products, lumber and wood products, furniture
and fixtures, stone, clay, and glass products).



Table 4 (Cont'd)

1.3 Industrial

1.3.2 Heat processing (primary netal industries, electric power
generation).

1.3.3 Chemical processing (paper and allied products, petroleum
refining, and related industries.

1.3.4 Fabrication and assembly (fabricated metal products,
professional, scientific and controlling instruments;
photographic and optical).

1.3.5 Food processing

1.3.6 Other
1.4 Extractive
1.4.7 Stone guarries

1.4.2 Sand and gravel pits

1.4.3 Open pit or stiﬁ mining

1.4.4 0il, gas, sulphur, salt and other wells
1.4.5 Shaft mining

1.4.9 Other

1.5 Transportation, Communications, and Utilities

1.5.1  Highways, auto parking, bus terminals, motor freight, and
other facilities

1.5.2 Railroads ahd associated facilities
1.5.3 Airports and associated facilities
1.5.4 Marine craft facilities

1.5.5 Telecommunications, radio, and television facilities

1.5.6 Electric, gas, water, sewage disposal, solid waste, and
other utilities

1.5.9 Other

1.6 Institutional

1.6.1 Fducational Facilities
‘1.6.2 Medical and Health Facilities

1.6.3 Religious facilities



1.6 Institutional

1.6.4 Military areas
1.6.4 Correctional
1.6.6 Government and Admin O0ffices

1.6.7 Civic, Social, and Fraternal Organizations -
(YMCA, Scouting groups, etc.)

1.6.9 Other

1.7 Strip and Clustered Settlement

(No further breakdown recommended at Level III)
1.8 Mixed
(No further breakdown recommended at Level III)

1.9 Open and Other

1.9.1 Improved
1.9.2 Unimproved
1.9.9 Other

Aaricultural Land

2.1 Cropland and Pasture

2.17.1  Active Cropland
2.1.2 Idle Cropland
2;1.4 Pasture
2.1.9  Otfier

2.2 Orchards, Groves, Bush Fruits, Vineyards, and Horticultural Areas
2.2.1 Fruit and Nut Trees
2.2.2 Bush Fruit
2.2.3 Vineyard
2.2.4 Nurseries and floricultural areas

2.2.9 Other



Tabte 4 {Cont'd)

2.3 Feeding Operations

2.3.1 Cattle feed lots (including holding lots for dairy
animals}

2.3.2 Poultry and egg houses
2.3.3 Hog feed lots
2.3.9 Other |
| 3. Rangeland
3.1 Grass
(No further breakdown at Level III required for the'study area).
3.2 Savannas {Palmetto praries)
(No further breakdown at Level III required for the study area)

3.3 Desert Shrub

(No further breakdown required at Level III for the study area)
4.  Forestland
4.1 Deciduous
4.1.1 Red oak
4.1.2 White oak
4.1.3  Chestnut oak

4.1.4  Scrub ocak

4.1.5 Qypress

4.1.6 Aséén - pen é%érry
4.1.7 Riverbirch - Sycamore
4.1.8 Cove Hardwoods

4.1.9 Northern Hardwoods
4.1.10 Bottom land Hardwoods

4.1.11 Red gum - yellow poplar

4.2 Evergreen Forest

£.2.1 Whte pine
4.2.2  Loblolly pine



Table 4 {Cont'd}

4.2 Evergreen Forest

4.2.3 Oak - White pine
4.2.4 S. White cedar
4.2.5 Hord pines |

4.3 Mixed Forest

4.3.1 Northern Hardwodds - White pine

4.3.2 White pine - Northern Hardﬁoods :

4.3.3 Qak - White pine .
3.4 Hard pine - oak

Oak - Hard pine

.3.6 Loblolly pine - Hardwoods

S e
(%]
n

3.7 Hardwoods - Loblolly pine
4.4 Upland Brush

4.5 Lowland Brush

5. Mater
5.1 Streams and Waterways
5.1.1.  Natural (rivers and creeks)
5.1.2 | Man-Made (canals, ditches, and aquaducts)
5.2 Lake |
5.2.1 Natural Lakes and Ponds
5.2.2 Ma%~Made Lak;; and Ponds
5.3 Reservoirs
(No further breakdown at Level III required for the CARETS area)
5.4 Bays and Estuaries
5.4.1 Bays
5.4.2 Estuaries
5.6 Ocean

5.9 Other



Table 4 (Cont'd)

Nonforested Wetlands

6.1

6.2

Vegetated

6.1.1 Brackish marsh

6.1.2 Fresh water marsh
6.1.3 Brush covered wetlands
6.1.9 Other

Bare

6.2.1 Brackish bare areas

6.2.9 Other

Barren Land

7.1

7.2

7.3
7.4

7.5

7.9

Tundra

Salt Flats

(No further breakdown at Level III reguired for study area)
Beaches

7.2.1 Saﬁdy beaches

7.2.2 Gravelly, rocky beaches

7.2.3 Mud shorelines

Sand other than Bea;hes

(No further breakdown at Level III required for study area)

Bare Exposed Rock .

(No further breakdown at Level III required for study area)

Disturbed Land

(This consists of areas under construction, etc., where the
vegetation cover has been removed by mechanical means)

Cther

(No further breakdown recommended at this time)

Permanent Snow and Icefields

(No further breakdown recommended at this time)



TABLE 5. LAND USE CLASSES AinD SYMBOLS USED IN INITIAL
TEST OF $-192 MSS DATA :

Class | Symbol
Urban , U
Water W
Wetlands - ©
Deciduous Forest - D
Evergreen Forest E
Mixed Forest ' M
Bare Soil/Cropiand S
Crop]and/Crop"Present C
TABLE 6.. SPECTRAL CHANNELS USED FOR INITIAL LARSYS ANALYSIS
# Channel  Band . Spectral Band Description
] : 10 7 0.78-0.88 um Near Infrared
2 12 17 1.55-1.75 um Mid Infrared
3 17 13! 12.0-13.0 i Thermal Infrared
i 26 1ol 0,410, 46 um Blue




WASHINGTON, D. C. - BALTIMORE SKYLAB TEST SITE

ERTS-1 MSS5H MOSAIC = WINTER, 1972 IMAGERY

SL/3 _
5 AUG. 1973

SL/2
12 JUNE 1973

APPROXIMATE GROUND TRACKS (FROM FOV TABULATIONS)

FOR SL/2 AND SL/3 MISSIONS

Figure 1. ERTS-1 Mosai(_: prepared from MSS 5 winter imagery. This mosaic shows the diverse comples of land
use throughout the Washington, D.C. - Baltimore Skylab test site. The test site encompasses several physio-
graphi regions and provides a landscape with quite diverse geology, soils, vegetation and climate.



Figure 2. Black and white infrared photography (0.70-0.80 xm) acquired
with the $-190A multispectral camera over a portion of the eastern shore
area of the Sate of Maryland. Such imagery provides an excellent tool

for identifying and mapping cdastlines, bays, streams, inland water bodies,
coastal wetlands, and inland marshes.
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Figure 3. Black and white panchromatic photography (0.50 -0.60
Mm) acquired with the S-190A multispectral camera over a portion
of the eastern shore area of the State of Maryland. This image ac-

quired in early June, 1973 permits quick and accurate identification
of agricultural, forestg and urban land use.



S-190A COLOR I.LR. 5 AUG 73

e —_— ey Mies T s e
‘ LEGEND
1.0  URBAN AND BUILT-UP 150 = Sleansportatian 2.0 AGRICULTURAL LAND 4.0 FOREST LAND
110 - Residential 151 - Highways 210 - Crop and Pasture Land 410 - Deciduous
11 - Single Unit, Residential "2 Ratlroady ‘ 211 - Crop land 420 - Evergreen
112 = Multi-Unit Residential 153 - Airports 212 - Pasture lands 430 - Mixed
113 - Mobile Homes and Trailer Parks 160 - Institutional 220 - Orchards 440 - Upland Brush
120 - Retail and Wholesale Services 161 - Schools 230 - Feeding Operations 5.0 WATER
121 - Retail sales snd services 162 - Medical 231 - Cattle seed lots 510 = Rivers
122 - Wholesale and services 163 - Religious 232 - Poultry and Lgg houses 540 - Bays and Estuaries
124 - Recreational Facililies 164 - Military 233 = Hog feed lots 560 - Ocean
130 - Industrial 170 - Strip and Clustered 6.0 WETLANDS
190 - Open and Other 610 - Vegetated Wetlands

140 - Extractive
620 - Non-Vegetated Wetlands

Figure 4. Land use maps have been prepared from color infrared and normal color
photography acquired with the S-190A multispectral camera over a portion of Mont-
gomery County, Maryland. These two image types can provide interpreters signi-
ficant information about urban Tand use if the interpreter has a thorough under-
standing of the character of spatial arrangements and relationships of one urban
category to another. -
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RC-10 COLOR I.LR. 14 JUNE 73
LEGEND
URBAN AND BUILT-UP
2,0 AGRICULTURAL LAND

110 - Residential

111 - Single Unit, Residential

112 = Multi-Unit Residentfal

113 - Mobile Homes and Trailer Parks
120 - Retail and Wholesale Services
121 - Retail sales and services

122 - Wholesale and services

124 - Recreational Facilities

130 - Industrial

4.0
140 - Extractive
150 - Transportation
151 - Highways
152 = Raflroads
153 - Airports 5.0
160 - Institutional
161 - Schools
162 - Medical
163 - Reliyious 6.0

164 - Military
170 - Strip and Clustered

130 - Open and Other

a

210 - Crop and Pasture Land
211 - Crop land

212 - Pasture lands

220 - Orchards

230 - Feeding Operations
231 - Cattle seed lots

232 - Poultry and Egg houses
233 - Hog feed lots
FOREST LARD

410 = Oeciduous

420 - Evergreen

430 - Mixed

440 - Upland Brush

WATER

510 - Rivers

540 - Bays and Estuaries
560 - Ocean
WETLANDS

610 - Veyetated Wetlands

620 - Non-Vegetated Wetlands

Figure 5.
photography and aircraft RC-10 color infrared photography over a portion of Mont-

Land use maps prepared from high resolution S-190B Earth Terrain Camera

gomery County, Maryland. Satellite photography at this resolution will provide land
planners a substantial body of information. For example, density and relative age of
residential areas, location of schools and parks, location of commerical development
and accurate delineations of transportation patterns can be made.
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Regional land use map prepared from S-190A black and white and color
infrared photography over St. Mary's County, Maryland.

This map, approximately
420 square miles, was prepared in approximately 14 hours.
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FOREST TYPE MAP
St. Mary's County., Maryland

£ORLST TYPE CLASSTFICATION SLREMEY

(Compileq from asria) photograpns end ground Sufveys, 1452}
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Figur:e 8. Forest vegetation map of St. Mary's County, Maryland. This map was compiled from un-
compiled from uncontrolled aerial photographs and ground surveys.
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CHANNEL 12 BAND 11 1.55 - 175 um MID I, R,
HISTOGRAM ( * = 168.267 PIXELS } .
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Figure 10. Histogram of 5-192 data Channel 12-Band 11 {1.55-1.75). This is the histogram after
equalization. Equal numbers of pixels are assigned to each segment of the gray scaleq The data
are then spread out over the entire dynamic range available.
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Figure 11. S$-192 computer produced imagery. The above images were produced from $-192 digital tapes

on a modified litton digital film recorder. Computer techniques permit gray scale adjustments to
maximize picture contrast. S$-192 data acquired on SL/2 on June 12, 1973 has noise problems as evidenced
in this imagery. Techniques to remove the noise or normalize the data to minimize the noise effect are

being investigated.
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Figure 12
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Figure 13. Generaltized laboratory reflectance curve of green' vegetation. The above
i1lustrates the spectral coverage of orbital and aircraft multispectral sensing systems.
Skylab 5-192 multispectral scanner provides satellite data over discrete segments of the
electromagnetic spectrum as they are influenced hy vegetation characteristics. ‘
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Figure 16.

Coincident spectral polts for three training sets used in

this initial analysis. These plots illustrate the mean spectral re-
sponse plus or minus one standard deviation for each training set.
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Figure 17.

spectral response plus or minus one standard deviation.

Coincident spectral plots for all classes illustrating the mean
These plots provide

an indication of the spectral separability of the training classes.
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Figure 18. Average divergence and minimum divergence values for various combinations

of spectral bands for all combination of classes.
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2. Matar 2000
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4. Deciduous Forest Y. 195 2000 1955
5., Evergreen Forest 1438 2000 1620 1762
6. Mixed Forest - 12000 2000 1972 1009 1228
7. Cronlend/Bare Soil 1902 2020 2060 1856 2000 2000
8. Cropland/Crop Present 11994 2000 2000 1885 14835 15599 1580

FIGURE 19. Divercence and feature analysis based on spectrzl signature statistics for spectral channels 0.79-0.88 pun,
1.55-1.75 pm, 12.0-13.0 pm, and 0.41-0.45 pm. The divergznce velue for any two classes indicates the _
These data suggest that guite accurate separa-’

expacted degree of separzbility bassd on training set data.
tion of thesz classes can be achievad.



Figure 20.

Computer generated land use recognition map.
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deriving training lass spectral signatures to be used in the classification process.

performance tests indicated an overall accuracy of 84.6%.
classification results such as those above on a digital film recorder.

Classification

Techniques have been developed to output
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Figure 22.
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